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QUOTIENT APPEARANCE MANIFOLD
MAPPING FOR IMAGE CLASSIFICATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

The present application claims the benefit of U.S. provi-
sional application No. 61/094,447 filed Sep. 5, 2008 and U.S.
provisional application No. 61/158,532 filed Mar. 9, 2009, the
entire contents of which are herein incorporated by reference.

TECHNICAL FIELD

The present disclosure relates to image classification and
more specifically to quotient appearance manifold mapping
for image classification.

BACKGROUND

Various imaging systems and tools have been developed to
assist physicians, clinicians, radiologists, etc. in evaluating
medical images to diagnose medical conditions. For example,
computer-aided detection (CAD) tools have been developed
for various clinical applications to provide automated detec-
tion of medical conditions captured in medical images, such
as colonic polyps and other abnormal anatomical structures
such as lung nodules, lesions, aneurysms, calcification, in
breast, heart or artery tissue.

The morphology of a lesion, such as its shape or boundary
(i.e. margin), provides useful clues in identifying whether the
lesion is malignant or not. For example, FIGS. 1a-b show
middles slices of lesions with various types of shapes and
boundaries respectively. As illustrated in FIG. 1a, lesions
may be classified according to: (A) round, (B) oval, (C) lobu-
lated or (D) irregular shapes. Lesions may also be classified
based on: (A) smooth, (B) irregular or (C) spiculated bound-
aries, as shown in FIG. 1b. A lesion with spikes (i.e. spicula-
tion) or an irregular boundary or shape is more likely to be
malignant than a lesion with a smooth boundary or round (or
oval) shape. In other words, smoothness of a lesion shape or
boundary is related to benignity while irregularity is related to
malignancy.

Classifiers may be developed to distinguish lesions based
on their morphologies so as to facilitate the diagnosis of
cancer. Various methods have been proposed to classify two-
dimensional (2D) binary images based on shape context,
segment sets, mode-based approaches and shock graphs.
Typically, the contours of binary images are parameterized by
a normalized arc length (a) to yield a pair of univariate func-
tions (x(a), y(a)), with only one rotational Degree of Freedom
(DOF). The origin may be fixed to circumvent the problem of
handling the rotational DOF. Such parameterization facili-
tates the use of many convenient tools such as Fourier analy-
sis, wavelet decomposition, and Principal Component Analy-
sis (PCA).

It is difficult, however, to employ similar strategies for
three-dimensional (3D) grayscale images because of the dif-
ficulty in parameterizing 3D grayscale images consistently.
The parameterization techniques used for 2D binary images
do not apply to 3D grayscale images. Cartesian coordinates
are useless because they depend on origins and posture,
which are either unrelated to the objects in 3D images, absent
or undefined.

Therefore, there is a need to provide a technology that
effectively classifies objects in 3D volume sets of grayscale
images with high accuracy and computational efficiency.
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SUMMARY

A technology for facilitating classification of an object is
described herein. In accordance with one implementation, at
least one quotient appearance manifold mapping is con-
structed from a sample image to untangle appearance fiber
bundles. A feature characteristic of the sample image may
then be extracted based on the quotient appearance manifold
mapping. A classifier may further be trained based on the
extracted feature, and adapted for associating the object with
an object class.

BRIEF DESCRIPTION OF THE DRAWINGS

The same numbers are used throughout the drawings to
reference like elements and features.

FIGS. la-b show lesions with various types of shapes and
boundaries.

FIG. 2 illustrates the entanglement of appearance fiber
bundles of two shape classes.

FIG. 3 shows a block diagram of an exemplary image
analysis system.

FIG. 4 shows an exemplary framework for automatically
classifying an object.

FIG. 5 shows an exemplary framework for constructing a
quotient appearance manifold mapping.

FIG. 6 illustrates an exemplary framework for reducing
dimensionality of the quotient appearance manifold map-
ping.

FIG. 7 illustrates an exemplary CAD framework.

FIG. 8a shows directional gradients of an 8x8 image patch.

FIG. 85 shows sample histograms corresponding to irregu-
lar patches.

FIG. 8¢ shows sample histograms corresponding to smooth
patches.

FIG. 9 shows an exemplary method of testing a classifier.

FIG. 10 shows various ROC curves obtained for various
shape classifiers by using different numbers of training
samples.

FIG. 11 shows various ROC curves obtained for various
shape classifiers by using different numbers ot highest ranked
dimensions for training.

FIG. 12 shows the central slice of a volume from the axial
view of the 20 highest ranked principal components for vari-
ous classes.

FIG. 13a shows the ROC curve of a trained boundary
classifier, and FIG. 136 shows the ROC curve of the image
classifier.

FIG. 14 shows the middle slices of a volume from the axial
view of the 10 highest ranked principal components of the
quotient appearance manifold mapping for various classes.

FIG. 15 shows the ROC curves of classification of various
mass shapes.

FIG. 16 shows the ROC curves of classification of various
mass boundaries.

DETAILED DESCRIPTION

In the following description, for purposes of explanation,
specific numbers, materials and configurations are set forth in
order to provide a thorough understanding of the present
systems and methods and in order to meet statutory written
description, enablement, and best-mode requirements. How-
ever, it will be apparent to one skilled in the art that the present
systems and methods may be practiced without the specific
exemplary details. In other instances, well-known features
are omitted or simplified to clarify the description of the
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exemplary implementations of present systems and methods,
and to thereby better explain the present systems and meth-
ods. Furthermore, for ease of understanding, certain method
steps are delineated as separate steps; however, these sepa-
rately delineated steps should not be construed as necessarily
order dependent in their performance.

Introduction

The following description sets forth one or more imple-
mentations of systems and methods that facilitate classifica-
tion of an object. One aspect of the present technology uses
quotient appearance manifold mapping to untangle appear-
ance fiber bundles of different objects. This aspect of the
present technology is especially effective in grayscale three-
dimensional (3D) object recognition. Another aspect of the
present technology reduces the dimensionality of the feature
space to facilitate computationally-efficient image classifica-
tion. Another aspect of the present technology directly
extracts discriminative features from positive samples to cre-
ate a feature space for training a classifier.

Generally, “appearance manifolds™ refers to representa-
tions of physical images as points in higher dimensional
abstract space. One advantage of using appearance manifolds
is that it does not require customized feature development.
Unlike conventional methods that require margins in gray-
scale images to be detected before analysis, appearance mani-
folds use all the pixels as features and there is no need for
development of customized features. Development of cus-
tomized features typically requires medical domain knowl-
edge and long term training to capture clinical meanings of
smoothness and irregularity, which are different from how a
lay person ordinarily defines them. For example, turning to
FIG. 15, it can be observed that there is a large overlap
between the two boundary categories A (smooth) and B (ir-
regular) regarding “smoothness™ in the ordinary sense. In
other words, a lesion which is clinically classified as “irregu-
lar” may be ordinarily classified as “smooth” by a lay person.

An appearance manifold may be constructed by first inter-

preting a stacked vector (?)of an object image I(x, y) of size
in x n as a point in Euclidean space R™. The stacked vector (

?) is denoted by Equation (1) below:

F=(0,0),I(1,0), ..., 10,1), I1, 1), ..., Im, 1) (1

Ifthe object changes slightly, the point changes its location in
Euclidean space slightly. The dimension of the set of such
points is expected to be much lower than mn if the images are
generated by taking photographs of the same object. The set
is regarded as the embedding in the Euclidean space (R™) of
the appearance manifold M. The appearance manifold of an
object (e.g., face of a person) is generally separable from the
appearance manifold of another object.

An image has a relatively small number of Degrees of
Freedom (DOFs), such as the camera angle and illumination
direction. For example, if a face of a person is viewed in a
slightly different direction, the image changes slightly. Such
slight variations will form a curved line in the Euclidean
space (R™) in which the manifold is embedded. The trajec-

tory of the stacked vector (?) may be generalized as a fiber
(F) of a fiber bundle (E, M, II, F), where M denotes the base
space, E denotes the total space and I1 is a projection of the
total space to the base space (i.e. [T: E—=M).

The projection IT satisfies the condition that for any point p
[ M, there exists a neighborhood U = M of p such that IT~!
(U) is homeomorphic to UxF by ¢ in the following way:

@, H)=p @
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where f = F. In other words, in the neighborhood U(p), E
looks like MxF. In the case of an appearance manifold M, the

trajectory ofthe stacked vector (?) is afiber f. E can generally
be regarded as the manifold M with the fiber f sticking out at
every point p. The fiber bundle (E, M, I1, F) of the appearance
manifold defined as shown above is hereinafter referred to as
the “appearance fiber bundle.”

In contrast to an appearance fiber bundle of a single object,
the appearance fiber bundle of a shape or boundary class is
typically entangled with the appearance fiber bundle of other
shape or boundary classes. FIG. 2 illustrates the entanglement
of appearance fiber bundles of two classes (A and B). Objects
A1, A2 and A3 belong to Class A while objects B1, B2 and B3
belong to another Class B. When the objects are translated in
the images, they form trajectories (i.e. fibers) in the embedded
space of the manifold. Suppose an object is to be classified
according to whether it belongs to Class A or Class B. One
problem is that the trajectories (i.e. fibers) of the objects of
Class A are entangled with the trajectories of the objects of
Class B. For example, an image on the fiber of Object B1 may
be closer to the Shape A objects than an image on the trajec-
tory of Object A1, depending on the locations on their fibers.
Under such circumstances where fiber bundles are entangled,
it is difficult to reduce the dimensionality of the manifolds.
The entanglement becomes even more complicated when the
transformation is a nonlinear deformation (e.g., rotation)
instead of a simple translation.

These difficulties arise because only the total space E
embedded in the Euclidean space R™ may be observed as
images, not the appearance manifolds themselves. One solu-
tion is to decompose the total space into the fiber F and the
appearance manifold M. The solution is not very complicated
when an object-centric coordinate system can be uniquely
chosen, like in a face-recognition application (i.e., most of the
fibers can be eliminated and M can be inferred in the embed-
ded space). However, when the objects have to be classified
into more ambiguous groups, such as according to the shapes
or boundaries of 3D grayscale objects, the choice of a unique
manifold is very often impossible.

This situation may be described using matrices. Suppose
an image [ of size mxn is converted to a stacked image vector

(YO) belonging to an appearance manifold. When it is trans-
lated by (dx, dy), where dx and dy are positive integers, the

image vector) (?1) after the translation is represented by

QIZP(YO). P is a permutation matrix, which may be repre-

sented by the following equation (3):
P={p}G=1,...,m:j=1,...

where

3

> 1)

P,

e, jrvivdx

1,

P,

niadx, jari

1,

P,

n, (/'+dy)n+i:1 >

Pliscymei, jnai=Ls
for i=1, (m-dx) and j=1, . . ., (n-dy), and all the other

elements are zero. Therefore, the new image vector (?1) is
obtained by exchanging the axes of the coordinate system.
Operations other than translation (e.g., rotation) can also be
approximated by the exchange of axes while obeying much
more complicated rules. As a result of such operations, the
fibers of different objects are entangled and interleaved,
thereby limiting the use of various dimensionality reduction
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tools, such as PCA, Linear Discriminant Analysis (LDA),
Independent Component Analysis (ICA), and kernel PCA.

Therefore, appearance manifolds were typically not used
in previous work for grayscale shape classification, particu-
larly in 3D images, due to the problems caused by the
entanglement of appearance fiber bundles. The present
framework untangles the fibers of appearance manifolds by
constructing a quotient space of the appearance manifold, and
mapping each point of the appearance manitfold to the quo-
tient sub-manifold for image classification.

Overview of Exemplary System and Method

FIG. 3 shows a block diagram illustrating an exemplary
image analysis system 300. The image analysis system 300
includes a computer system 301 for implementing the frame-
work as described herein. In one implementation, the image
analysis system 300 comprises a CAD system. The CAD
system 300 may be connected to an imaging device 302 and
a radiologist workstation 303, over a wired or wireless net-
work. The imaging device 302 may be a radiology scanner
such as a magnetic resonance (MR) scanner or a computed
tomographic (CT) scanner. Other types of imaging devices,
such as a helical CT, X-ray, positron emission tomographic,
fluoroscopic, ultrasound or Single Photon Emission Com-
puted Tomography (SPECT) scanner, may also be useful.

Computer system 301 may be a desktop personal com-
puter, a portable laptop computer, another portable device, a
mini-computer, a mainframe computer, a server, a storage
system, a dedicated digital appliance, or another device hav-
ing a storage sub-system configured to store a collection of
digital data items. In one implementation, computer system
301 comprises a processor or central processing unit (CPU)
304 coupled to one or more computer-usable media 306 (e.g.,
computer storage or memory device), display device 308
(e.g., monitor) and various input devices 310 (e.g., mouse or
keyboard) via an input-output interface 321. Computer sys-
tem 301 may further include support circuits such as a cache,
power supply, clock circuits and a communications bus.

It is to be understood that the present technology may be
implemented in various forms of hardware, software, firm-
ware, special purpose processors, or a combination thereof. In
one implementation, the techniques described herein may be
implemented as computer readable program code tangibly
embodied in computer-usable media 306. Computer-usable
media 306 may include random access memory (RAM), read-
only memory (ROM), magnetic floppy disk, flash memory,
and other types of memories, or a combination thereof. The
computer-readable program code may be executed by CPU
304 to process images (e.g., MR or CT images) from imaging
device 302 (e.g., MRI or CT scanner). As such, the computer
system 301 is a general-purpose computer system that
becomes a specific purpose computer system when executing
the computer readable program code. The computer readable
program code is not intended to be limited to any particular
programming language and implementation thereof. It will
be appreciated that a variety of programming languages and
coding thereof may be used to implement the teachings of the
disclosure contained herein.

Computer system 301 may also include an operating sys-
tem and microinstruction code. The various techniques
described herein may be implemented either as part of the
microinstruction code or as part of an application program or
software product, or combination thereof, which is executed
via the operating system. Various other peripheral devices,
such as additional data storage devices and printing devices,
may be connected to the computer system 301.

The radiologist workstation 303 may include a computer
and appropriate peripherals, such as a keyboard and display,
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and can be operated in conjunction with the entire system
300. For example, the radiologist workstation 303 may com-
municate with the imaging device 302 so that the image data
collected by the imaging device 302 can be rendered at the
radiologist workstation 303 and viewed on the display. Fur-
ther, the radiologist workstation 303 may communicate
directly with the computer system 301 to access previously
processed image data, such as data which has undergone
processing by the framework described herein, so that a radi-
ologist can manually verify the results of the framework.

It is to be noted that in the discussion of the following
FIGS. 4-16, continuing reference may be made to elements
and reference numerals shown in FIG. 3. It is further noted
that while a particular application directed to analysis of
lesions or tumors in breast MRI is shown, the description is
not limited to the specific embodiment illustrated. The
present technology has application to, for example, other
types of images (e.g., computed tomography (CT) images,
ultrasound images, and radio isotope images) and other types
of anatomical features, such as the brain, prostate, kidney and
liver. The present technology may also be used in non-medi-
cal applications, such as face or object recognition.

FIG. 4 shows an exemplary framework 400 for automati-
cally classifying an object. The exemplary framework 400
may be implemented by the image analysis system 300
described previously.

At step 402, the computer system 301 receives at least one
sample image from, for example, imaging device 302 The
imaging device 302 may have acquired the sample image by
one of a magnetic resonance (MR) imaging, computed tomo-
graphic (CT), helical CT, x-ray, positron emission
tomogaphic, fluoroscopic, ultrasound and Single Photon
Emission Computed Tomography (SPECT) technique. The
sample image may be binary (e.g., black and white) or gray-
scale. In addition, the sample image may be two-dimensional
or three-dimensional (3D) image data. The sample image
may be medical or non-medical. In one implementation, the
sample image comprises a medical image of an anatomical
part (e.g., breast, colon, lung). The sample image may be
pre-filtered and contrast-enhanced by injecting a contrast
agent (CA) into a patient. In one implementation, the sample
image comprises a Dynamic Contrast-Enhanced MRI image,
which may be obtained by measuring CA concentration in
lesions over time.

The sample images may be pre-processed by, for example,
segmenting them to delineate or identify regions of interest. A
region of interest may be a potentially malignant lesion,
tumor or mass in the patient’s body (e.g., breast), and may be
represented by one or more voxels in the image. The region of
interest may be automatically detected by using a computer-
aided detection technique, such as one that detects points
where the increase in voxel intensity is above a certain thresh-
old. Alternatively, the region of interest may be identified
manually by, for example, a skilled radiologist.

In one implementation, the object to be classified corre-
sponds to an abnormal tissue, such as a lesion. Itis to be noted
that objects corresponding to non-medical or non-living com-
ponents may also be classified. A lesion may be a mass (i.e.
comprising one connected component) or a non-mass (i.e.
comprising scattered connected components). The shape of a
lesion volume may be clinically classified as round, oval,
lobulated or irregular. The boundary (i.e. margin) of a lesion
may be clinically classified as smooth, irregular or spiculated
(i.e. with spikes). These categories are described by the Breast
Imaging Reporting and Data System (BIRADS), which is
well known in the art. Other types of classifications may also
be used. Round or oval shapes are mostly related to benign
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lesions. For example, lipids are round and fibroadenomas are
oval. Irregular shapes or spiculated boundaries are often
related to malignant lesions (i.e. cancers).

At step 404, at least one quotient appearance manifold
mapping is constructed from the sample images. This is per-
formed to untangle, for example, appearance fiber bundles of
objects. The problem of appearance fiber bundle entangle-
ment was described previously. This approach is particularly
effective in classifying grayscale 3D images, as will be
described in more detail in the following description.

At step 406, the dimensionality of the quotient appearance
manifold mapping is reduced to generate at least one feature
characteristic of the sample image. In one implementation, a
set of features (i.e. feature vectors) are extracted from the
quotient appearance manifold mapping. Dimensionality
reduction transforms a quotient appearance total space asso-
ciated with the quotient appearance manifold mapping into a
sub-space of fewer dimensions by applying a dimension
reduction technique, such as PCA, LDA, ICA, or kernel PCA.
Other types of dimensionality reduction techniques may also
be used. The type of dimensionality reduction technique to
apply may depend on the type of classification performed. For
example, for shape classification, PCA may be suitable for
capturing the global properties of the images. More details
will be provided below.

At step 408, at least one classifier is trained based on the
feature. After training, the classifier may be applied to test
images to classify objects in the test images. In one imple-
mentation, the classifier comprises a binary classifier adapted
for associating an object with two classes. The trained clas-
sifier may be, for example, a shape classifier or boundary
classifier. A shape classifier categorizes an object based on its
shape, whereas a boundary classifier categorizes an object
based on its boundary. As discussed previously, a lesion with
an irregular boundary or shape is more likely to be malignant
than a lesion with a smooth boundary or round (or oval)
shape. Therefore, the classifier may be adapted to indicate a
likelihood of malignancy of the lesion based on the morpho-
logical property.

In one implementation, the classifier comprises a binary
boosted classifier, such as one obtained by performing Adap-
tive Boosting (AdaBoost) algorithm developed by Freund
and Schapire, with some modifications. See P. Viola and M.
Jones, Robust real-time object detection, Int. J. Comput.
Vision, 57 (2):137-154, 2004. Other types of classifiers, such
as those obtained by performing Quadratic Discriminant
Analysis (QDA), may also be used.

The AdaBooast algorithm is a machine learning algorithm
that is adaptive in the sense that subsequent classifiers built
are tweaked in favor of those instances misclassified by pre-
vious classifiers. In the present framework, “decision
stumps” are used as weak classifiers to train the classifier
based on the input feature vector (x). A weak classifier is one
with a rather high error rate. The decision stumps (h) are a
family of component classifiers generating +1 labels, denoted
by Equation (4):

*
where x, is one component of the input feature vector (x),
0(=k(1; . . . ; n)) represents an index; and w,, W, represent
weights.

Each decision stump considers only a single component of
the input feature vector (x). The combined decision stumps
using the weighted vote is expected to be a highly accurate
binary classifier. Unlike previous work, AdaBoost is used in

hi(x; 8)=sign(wpxi=wo)
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the present framework merely to find the linear combinations
of the weak classifiers, rather than to perform feature extrac-
tion.

Quotient Appearance Manifold Mapping

FIG. 5 shows a possible implementation of step 404 for
constructing a quotient appearance manifold mapping from at
least one sample image to untangle appearance fiber bundles.
A quotient space (i.e. identification space) or quotient mani-
fold is constructed by identifying or “gluing together” certain
points of a given space. The space to be analyzed is the
“quotient appearance total space” (E/=), and not the original
total space (E) observed. The quotient appearance total space
(E/=) itself is similar to the appearance manifold (M).

To decompose a total space (E) to an appearance manifold
(M) and a fiber (F), appearance fiber bundles E; and E, are
identified using an equivalence relation (=) as shown in Equa-
tion (5):

E~E, ®

The points to be identified in the quotient appearance total
space (E1=) are specified by the equivalence relation (=). The
equivalence relation (=) comprises a transformation (e.g.,
translation) of points from the original total space (E) to the
quotient appearance total space (E1=). Other types of trans-
formations, such as affine transformations (e.g., rotation,
scaling or translation), may also be used as the equivalence
relation.

In some situations, it may not be sufficient to use affine
transformations as the equivalence relation. For example,
suppose that an object image is to be classified according to
whether it has a smooth margin (margin class A) or an irregu-
lar margin (margin class B), as illustrated in FIG. 2. A portion
of'an image of object A1 may be locally deformed, but it still
belongs to a class of the smooth margin (margin class A). This
situation cannot be handled by an equivalence relation based
on affine transformations. Instead, a quotient appearance
manifold mapping may be used to map each point of the
manifold to the quotient subspace, using local affine transfor-
mations as the equivalence relation. Therefore, a “quotient
appearance manifold mapping” of an image comprises a set
of quotient manifolds corresponding to pixels or sub-images
of the image.

In particular, a quotient appearance manifold mapping of

an image (I) having a stacked vector (?) may be constructed
using the framework shown in FIG. 5. At step 502, a neigh-
borhood U(p) is associated with each pixel p of the image (I).
This may be achieved by, for example, sub-dividing the image
(D) into sub-images (I,). The sub-images (I,) may be repre-
sented by stacked vectors ?i(iZI, 2, ...). The sub-images
may further be normalized such that their norms are one. i.e.
IX,1=1 (i=1,2...).

For example, a grayscale volume may be re-sampled to a
volume I of mxnxl in size. The volume may be further sub-
divided into, for example, eight disjoint sub-volumes I, ; , (,
j» k=0, 1) of size m/2xn/2x1/2. Providing overlapping sub-
volumes or sub-images may also be useful. The sub-volumes
L, ;. ) may be represented by the following equation (6):

L o, y, 2)=I(xtmi/2, y+nj/2, z+kI/2) (6)

At step 504, quotient manifolds M(p) are constructed for
neighborhoods U(p). The quotient manifolds M(p) may be
constructed by applying the equivalence relation (=) to the
sub-images. The quotient appearance manifold mapping
M, ; ,ofthe image (I) is approximated by a set (S) of quotient
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manifolds M(p) corresponding to the image’s sub-images (or
neighborhoods), as denoted in Equation (7):

S={M(p)pE domain(l)} } where domain(Z)=[1, m/x

1,n]

M

In particular, the quotient manifold M(p) of each sub-
image may be constructed by transforming the sub-image (I,)
to another sub-image (J,) of a fixed size and with a canonical
position, size and posture that account for the transformation
(W). The transformation (W) may be, for example, translation,
scaling, rotation, shearing or a combination thereof. Other
types of transformations may also be applied. The new sub-
image (J,) is calculated such that the equivalence relation I=J,
holds. For example, if the transformation (W) is translation,
the sub-image I, is translated to obtain a new sub-image J,=%
(I,) that is closest to I,. To obtain a canonical position and
rotation, an image K, is first chosen. The closeness is defined
by the mean squared distance (i.e. L*> norm). The sub-image I,
may be defined as: J,=argmin,|W(1,)-K, . To account for
rotation, the sub-image I, is rotated to generate its rotational
variations, and J, is then calculated for each of the rotated
variation.

For example, the image I may be rotated by 45n (n=0,
1,...,7)degrees on the xy-plane, and by 180 degrees to flip
the z-axis to generate sixteen rotational variations. The sub-
images may be generated in the same manner for each rota-
tion. Given a dataset of sample images, one of the lesion
images is chosen as the canonical image K. The best transla-
tional position of each sub-image is calculated such that the
mean squared difference between the sub-image and X, ; ,=
K(x+mi/2, y+nj/2, z+k1/2) is minimized. The resulting set (S)
of'sub-images (J,) may be regarded as an approximation of the
quotient appearance manifold mapping {M, , ,}.

Atstep 506, the sample image (1) may further be mapped to
the set (S) of quotient manifolds M(p), as shown in Equation

®):

F: 1S ®)

A quotient appearance manifold map is analogous to a Gauss
map where a surface normal (n,, n,, n,) is associated with
each point of a surface.

Dimensionality Reduction of Quotient Appearance Manifold
Mapping

FIG. 6 illustrates a possible implementation of step 406 for
reducing the dimensionality of the quotient appearance mani-
fold mapping. It is to be noted that although the present
framework uses principal component analysis (PCA) to
reduce the dimensionality of the quotient appearance mani-
fold mapping, the present technology is not limited thereto. It
is possible to use other types of dimensionality reduction
techniques, such as LDA, ICA, or kernel PCA. In addition,
other implementations may be used instead of or in addition
to the framework illustrated in FIG. 6.

At step 602, a quotient appearance manifold mapping is
received. The quotient appearance manifold mapping may be
constructed by the framework 404 as described above.

Atstep 604, a set of principal components (P ,) is computed
based on the quotient appearance manifold mapping using
principal component analysis (PCA). PCA is a procedure that
transforms a number of possibly correlated variables into a
smaller number of uncorrelated variables called principal
components. The objective of the PCA approach in the
present framework is to directly capture the global character-
istic variations in the images. Each principal component,
starting from the highest rank, best describes the variations
within the class. The first principal component accounts for as
much of the variability the data as possible, and each succeed-
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ing component accounts for as much of the remaining vari-
ability as possible. In particular, the principal components

may be calculated as eigenvector ?1, ?2, RN ?m of the
covariance matrix C and the mean pt. The covariance matrix C
and the mean L may be computed based on the stacked vectors
that represent the points of a quotient appearance manifold
mapping.

The distance between two quotient appearance manifold
mappings 8,={M, (p,)Ip,E€ domain(l;)} and S,={M,(p.)
Ip,E€ domain(l,)} is defined as the sum of the Mahalanobis
distance (dist) between each corresponding pair of quotient
manifolds (M, (p,) and M,(p,)), as shown in Equation (9):

9
f dist(My (1), Ma(pa)) d py ©
pledomain(iy)

The distance dist (M, (p, ), M,(p,)) may be obtained by com-
puting kai(yi—?i)?k where ?k(k:l, 2, ...) are the eigen-

vectors, and ?i and ?i represent the sub-images of M, (p,)
and M, (p,) respectively. The computation of the sub-images

?i and ?i was described previously. In one implementation,
the two images I, and I, are subdivided into equal numbers of
sub-images], ;and I, (I=1,2,...), and sub-images I, ;and I, ,
are paired up. The images (I, and I,) may be subdivided along
the Cartesian axes equally.

The correspondence g: M, —M, between the two quotient
manifolds (M, (p,) and M,(p,)) is obtained to calculate the
distance between the two quotient appearance manifold map-
pings. Automatic 3D volume matching techniques may be
used. See, for example, D. Rueckert and A. F. Frangi, Auto-
matic construction of 3-D statistical deformation models of
the brain using nonrigid registration, IEEE Trans. Medical
Imaging, 22 (8):1014-1025, 2003 and G. Guetat, M. Maitre,
L. Joly, S.-L. Lai, T. Lee, and Y. Shinagawa, Automatic 3-D
grayscale volume matching and shape analysis, IEEE Trans.
Information Technology in Biomedicine, 10 (2):362-376,
2006, which are herein incorporated by reference for all pur-
poses.

The principal axes may be regarded as part of the spanning
vectors of the tangent hyperplane of the quotient appearance
manifold mappings when the quotient appearance total
spaces are thin. Suppose that the variance of the space is very
small along some axes (i.e. the manifold is thin along the
axes). The principal axes are orthogonal to them and approxi-
mate the tangent hyperplane. It is therefore assumed that each
quotient appearance manifold mapping forms a thin sub-
space such that the hyperplane approximates the quotient
appearance total space well.

Alternatively, when the manifolds cannot be approximated
by linear structures, nonlinear manifold learning may be
used. Nonlinear manifold learning techniques include ISO-
metric MAPping (ISOMAP), Locally Linear Embedding
(LLE), Laplacianfaces and Riemannian manifold learning.
ISOMAP flattens manifolds while trying to preserve the geo-
desic distances approximated by shortest paths. See J. B.
Tenenbaum, V. de Silva, and J. Langford, 4 global geometric
framework for nonlinear dimensionality reduction, Science,
290:2319-2323, December 2000, which is herein incorpo-
rated by reference for all purposes. LLE calculates the locally
linear patches approximating the manifolds. See S. Roweis
and L. Saul, Nonlinear dimensionality reduction by locally
linear embedding, Science, 290:2323-2326, December 2000,
which is herein incorporated by reference for all purposes.
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Laplacianfaces map face images into the face subspace by
Locality Preserving Projections. See X. He, S. Yan, Y. Hu, P.
Niyogi and H. J. Zhang, Face recognition using laplacian-
faces, IEEE Trans. Pattern Analysis and Machine Intelli-
gence, 27 (3):328-340, 2005, which is herein incorporated by
reference for all purposes. Riemannian manifold learning
calculates the Riemannian normal coordinates that preserve
the geodesic metric well. See T. Lin and H. Zha, Riemannian
manifold learning, IEEE Trans. Pattern Analysis and
Machine Intelligence, 30 (7):1270-1281, 2008, which is
herein incorporated by reference for all purposes. In order for
these methods to work robustly, a great number of data points
of the manifolds are typically required.

At step 606, the original set of sample images is projected
onto the set of principal components (P,) to generate the
features. Each feature vector (x) has n dimensions, where n is
the number of principal components in P4, By projecting the
images to these principal components, the objects from the
same class (e.g., shape class) are assumed to form a cluster in
the feature space. To recognize a new object, it is projected to
the same set of principal components, and classified as part of
the class whose cluster is nearest.

PCA may thus be used to extract the most discriminative
features of the object class. The number of features required
to train a classifier to achieve high accuracy is advantageously
reduced. For example, experimental results have shown that a
classifier can achieve high accuracy by training with only 100
features.

Computer-Aided Detection Using HoG

FIG. 7 illustrates an exemplary CAD framework 700 for
detecting a malignant lesion or tumor captured in image data.

At step 702, patches extracted from a positive class of
sample images are received. A “patch,” as used herein, refers
to a small portion extracted from an image. The positive class
includes positive sample images selected from the original set
of images that were acquired by, for example, the imaging
device 302. The positive class may be associated with a char-
acteristic of a desired object class. For example, the positive
class may include all images that are clinically classified or
labeled as “smooth.” The negative (i.e. complement) class
includes all remaining “non-smooth” images from the origi-
nal set of images. Other types of labels (e.g., “irregular,”
“lobulated,” “nodules,” or “polyps”) may also be used. The
labeling may be performed manually by, for example, a
skilled radiologist who reads each image and describes the
ground truth shape and/or margin attributes associated with
each image. The labels may be hidden from the system during
further processing and training.

There are several advantages to processing only the posi-
tive sample images. Compared to feature pool approaches, we
do not enumerate all possible features. More importantly, the
computation demand for training is much less. One problem
with previous work is that meaningful features are typically
not known ahead, so all possible features are enumerated,
resulting in an over-completed set of features. The computa-
tional efficiency of such approach is very low because most of
the computed features have to be disregarded.

At step 704, the patches are labeled with pre-determined
labels. In one implementation, the patches are labeled either
as “smooth” or “irregular”. Other suitable types of labels are
also useful. The labeling may be performed manually by, for
example, a skilled radiologist reading each image and
describing the ground truth shape and boundary attributes.

At step 706, a histogram of oriented gradients (HoG) fea-
ture is extracted for each patch. The HoG approach in the
present framework is suitable for classifying boundaries
because it is capable of directly capturing local properties of
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the images. The HoG feature is computed by counting occur-
rences of gradient orientation in localized portions of an
image, and using the average intensity of the patch as an
additional feature component.

In particular, the orientation and the magnitude of the gra-
dient at each pixel of the patch is first calculated, and then
binned accordingly. Each bin corresponds to the number of
gradients with a specified orientation. The number of bins
used may be 12 (i.e. consecutive bins are 30 degrees apart) or
any other suitable number. For example, FIG. 8a shows the
directional gradients (801) of an 8x8 image patch generated
by the present framework. FIG. 86 shows sample histograms
(802, 804, 806) corresponding to irregular patches and FIG.
8¢ shows sample histograms (808, 810, 812) corresponding
to smooth patches. It can be observed that patches with irregu-
lar boundaries in FIG. 85 have more uniformly distributed
histograms than those with smooth boundaries in FIG. 8c.

Boundary effects may be observed where the belonging bin
changes from one to another. Such boundary effects affect the
accuracy of the classification, and may be avoided by per-
forming bilinear interpolation. Bilinear interpolation may be
achieved by multiplying each gradient magnitude by a width
of (1-d), where d is the distance of the sample orientation
from the central orientation of the bin containing the gradient.

For example, suppose that Bin 1 contains Orientations 1, 2,
and 3, and that Bin 2 contains Orientations 4, 5, and 6. In the
presence of noise, a patch having Orientation 3 may be cap-
tured as Orientation 4, which results in Bin 1 being decreased
by 1 and Bin 2 increased by 1. To avoid this kind of instability,
interpolation may be performed. This may be achieved by
computing the number of objects belonging to Bin 1 by N1*
(1-d)+N2*1+N3*(1-d)+N4*(1-2d)+N5*(1-3d)+ . . . ,
wherein Ni (i=1, 2, 3, . . ., n) is the number of objects with
Orientation I, and N1+N2+N3 is the number of objects origi-
nally belonging to Bin 1. The distance (d) may be, for
example, V2.

After the HoG features are extracted, at least one classifier
may be trained based on the HoG features. Training may be
performed using AdaBoost, as previously discussed with
respect to step 408 shown in FIG. 4. The present framework
advantageously produces a very discriminative feature space,
which aids in training a boundary classifier with high accu-
racy.

FIG. 9 shows an exemplary method (900) of testing the
validity and accuracy of boundary classifiers obtained by the
framework 700.

At step 902, a set of test images is received. Patches may be
extracted from the test images.

At step 904, patches within a test image are scanned. The
scanning may be performed automatically by, for example,
the computer system 301.

At step 906, boundary patches are extracted during the
scanning. A patch is determined to be a boundary patch if it
has a discernable boundary or its intensity variance is above a
threshold value (e.g., 0.5). Computing the intensity variance
is a relatively computationally efficient process. Other param-
eters of pixel variation within the patch may also be used to
detect the presence of a boundary. If the patch is not a bound-
ary patch, it is disregarded at step 908 and not included in
further computation. Ifthe patch comprises a boundary patch,
it is classified at step 910.

At step 910, the boundary patch is classified by applying a
boundary classifier. The boundary classifier may be obtained
by, for example, framework 700 described in relation to FI1G.
7. The boundary classifier classifies the boundary patch as
either “irregular” or “smooth.” Steps 906, 908 and 910 may be
repeated until all the patches in a test image are processed.
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At step 912, the test image is classified based on an irregu-
larity ratio. The irregularity ratio may be defined as

Nirregutar

_ iregdar
Nsmooth + Nirregutar

and N,

smooth

where N0, represent the number of smooth
and irregular boundary patches respectively in the test image.
Experimental Results

Unless otherwise stated below, a database of 83 breast MR
original sample images were used to conduct the following
experiments. To remove scale variance, the sub-volume was
further sampled into a resolution of 20x20x 10 for the purpose
of achieving computational efficiency. The sample images
were associated with a ground truth description file, which
included shape/boundary labels for each lesion. The type of
lesion shape included round, oval, irregular and lobular, while
the type of boundary included smooth, irregular and spicu-
lated.

100 iterations of AdaBoost were applied, and the receiver
operating characteristic (ROC) curves of leave-one-out cross-
validation (LOOCV) were plotted to depict the accuracy of
the generated classifiers. A ROC curve was represented by
plotting a fraction of true positives (TPR=true positive rate)
against a fraction of false positives (FPR=false positive rate).
LOOCYV was used to avoid the effect of a small number of
samples. In general, LOOCYV involved using a single obser-
vation removed from the training data as the validation data.
Thus, a particular instance of training data, for example,
representing one patient, may be removed from the set of
training data. Classifiers were generated without this particu-
lar instance of data, and tested upon the particular instance of
data to see if the classifiers could effectively classify the
left-out instance of data in accordance with its known dispo-
sition.

Shape Classification

First, the gains in accuracy from using different numbers of
training sample images were compared. The training set was
enlarged by creating different number of rotational variants
for each sample. It was desirable for the classifier to be
rotation invariant and to have more training sample images to
capture the variance within a class, particularly since the
features were extracted from the sample images using PCA.

FIG. 10 shows various ROC curves obtained for different
shape classifiers: (A) round/oval; (B) lobular; and (C) irregu-
lar. The broken line denotes the ROC curve obtained using
332 sample images with 4 rotational variants (0, 90, 180 and
270 degrees) and the solid line denotes the ROC curve
obtained using 664 sample images with 8 rotational variants
(0, 90, 180, 270, 45, 135, 225 and 315 degrees). It can be
observed that accuracy is improved with the use of more
sample images, especially for the irregular shape classifier
©.
Next, the differences in performance from using different
numbers of highest ranked dimensions for training was inves-
tigated. 4 different numbers of dimensions (10, 25, 50 and
100) were used in the enlarged set of 664 sample images. The
results are shown in FIG. 11. It can be observed that for
round/oval shape classifier (A), accuracy did not improve
much with the use of more dimensions. However, for the
irregular shape classifier (C), accuracy was substantially
improved by using 100 dimensions, as compared to using
fewer dimensions. This is a reasonable result since irregular
shapes have more variations than oval shapes, thereby neces-
sitating the use of more dimensions for training its classifier.
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From the above experiments, only the irregular shape clas-
sifier performed at an acceptable accuracy, while the oval and
lobular shape classifiers performed poorly. This may be
explained by visualizing the principal components extracted
from each class. FIG. 12 shows the central slice of a volume
from the axial view of the 20 highest ranked principal com-
ponents for each class (A, B, C) respectively. It can be
observed that the patterns of the top principal components
down to the 8" principal component are mostly low frequen-
cies and are very similar for all shape classes, with slightly
different orders. i.e. the classes were very similarly inter-
preted in PCA space and hence, it was difficult to separate the
classes. It means that the fibers of the appearance manifolds
of'the classes were entangled, which emphasizes the need to
apply quotient appearance manifold mapping to untangle the
fibers. Higher frequencies that distinguish the class differ-
ences were obtained when quotient appearance manifold
mapping was applied in another experiment, as will be dis-
cussed later with reference to FIG. 14.

Boundary Classification

Next, the performance of the boundary classification in
accordance with the present framework was evaluated. To
train the patch classifier, 50 patches of size 8x8 were cropped
from both irregular and smooth sample images. The corre-
sponding 12-bin histograms were then computed. The aver-
age intensity of the patch was also used as an additional
feature component, thereby creating a 13-dimensional fea-
ture vector for each patch.

The boundary patch classifier was trained by using Ada-
Boost. FIG. 13a shows the ROC curve of the trained boundary
patch classifier. The image was scanned every 4 pixels in x
and y directions. Since a volume consisted of 10 slices (im-
ages) of size 2020, the total number of patches scanned were
only 250, which greatly improved computational efficiency.
Finally, the irregularity ratio of the boundary was computed
by discarding the patches that did not satisty the boundary
condition.

FIG. 136 shows the ROC curve of the image classifier. The
ROC curve of the image classifier was plotted by adjusting the
threshold of the irregularity ratio. As can be observed from
point X, the final accuracy achieved was a true positive rate
(TP) o' 0.78 and a false positive rate (FP) of 0.1.

Quotient Appearance Manifold Mapping

In yet another experiment, the effectiveness of the quotient
appearance manifold mapping in classifying a medical gray-
scale volume was evaluated. 76 lesions from 39 patients were
used as the training set. There were 31 mass lesions (5 round,
13 oval, 8 lobulated and 5 irregular shapes, and 23 smooth, 5
irregular and 3 spiculated margins), 26 non-mass lesions, and
19 other tissues that were treated as negative samples.

For shape classification, the mean and covariance of sub-
images I, ,, with rotational variations were calculated for
each group of round, oval, lobulated and irregular lesions
respectively. Principal components were obtained by com-

puting the eigenvectors ?i(iZI, 2, ... ) of the covariance
matrix. The principal components whose eigenvalues were
smaller than a threshold were discarded. Finally, the sub-
images were projected to the principal components axes by
a;?i, N k~€i(i:l, 2,...)where Yi, ;. 18 the stacked vector of
a sub-image. The projected values a, were used as the feature
values for machine learning. For boundary classification, the
three classes (smooth, irregular and spiculated) were handled
in the same manner as described above.

FIG. 14 shows the middle slices of the volume from the
axial view of the 10 highest ranked principal components of
the quotient appearance manifold mappings for each class:
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(A) round; (B) oval; (C) lobulated; (D) irregular; (E) smooth;
(F) irregular margin, and (G) spiculated. In comparison to
FIG. 12, the principal components in FIG. 14 contain higher
frequencies that allow class differences to be distinguished.

Quadratic Discriminant Analysis (QDA) was used to train
and generate the classifier since it performed well with a
relatively small number of features (i.e. principal compo-
nents). For each description, the best quadratic surface that
separated the positive and negative sets was calculated. The
combination of principal axes that gave the best result for the
training set was chosen. The same axes thus selected were
used in the test phase. The threshold of the QDA was chosen
so that the predetermined specificity (e.g., 0.8) was attained
for the training set.

The test set was disjoint from the training set. There were
33 lesions from 20 patients. There were 18 mass lesions (1
round, 5 oval, 3 lobulated and 9 irregular shapes, and 9
smooth, 3 irregular and 6 spiculated boundaries), 11 non-
mass lesions, and 5 other tissues. Each lesion was subdivided
into sub-images and rotated in the same manner as the train-
ing set.

FIG. 15 shows the ROC curves of classification of mass
shapes: (A) round (AUC=0.796), (B) oval (AUC=0.735), (C)
lobulated (AUC=0.313) and (D) irregular shapes
(ACU=0.942). FIG. 16 shows the ROC curves of mass bound-
aries: (A) smooth (AUC=0.813), (B) irregular (AUC=0.707)
and (C) spiculated (AUC=0.856). Comparing these curves
with the ROC curves without quotient appearance manifold
mappings shown in FIGS. 10 and 11, significant improve-
ment may be observed in all categories.

Comparison of Quotient Appearance Manifold Mapping and
Customized Features

Customized features were developed for comparison with
the performance of quotient appearance manifold mapping
and to show that shape and boundary in the clinical sense is
not a trivial image processing task.

The first feature was the histogram of angles between adja-
cent voxels on the lesion boundary. When the boundary was
smooth, the angle histogram had smaller variations than when
the boundary was irregular. The second feature captured how
the lesion shape deviated from a sphere, by calculating the
number of lesion voxels inside spheres centered at the lesion
centroid. When the radius r was varied, the ratio of the num-
bers of such voxels to the sphere volume was be regarded as
a function of r. The feature was expected to capture whether
the shape was round, oval or irregular. Other features used
included the ratio of the volume V and the volume of the
circumscribed sphere VS/VY where S is the surface area, and
aspect ratios along x, y and z axes.

The results in the following Table 1 show the sensitivity
and specificity of customized features for the testing set.

TABLE 1

Description Sensitivity Specificity
Shape round 0 83

Shape oval 50 78

Shape lobulated 0 80

Shape irregular 60 75
Boundary smooth 86 33
Boundary irregular 100 (denominator is 0)
Boundary speculated 90 67

It can be observed that the quotient appearance manifold
mappings (illustrated by FI1G. 15-16) outperform the custom-
ized features. In addition, it can also be shown that the clinical
smoothness or irregularity of a lesion is not a simple geomet-
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ric smoothness of a volume. For example, the difference
between round and oval shapes may not be obtained just by
measuring the aspect ratios of width, height and depth. Oval
objects are more likely to be fibroadenomas, so the look of a
fibroadenoma affects the shape description.

Although the one or more above-described implementa-
tions have been described in language specific to structural
features and/or methodological steps, it is to be understood
that other implementations may be practiced without the spe-
cific features or steps described. Rather, the specific features
and steps are disclosed as preferred forms of one or more
implementations.

What is claimed is:

1. A computer-implemented method for classifying an
object, comprising:

(a) constructing, by a processor, at least one quotient
appearance manifold mapping based on a sample image
to untangle appearance fiber bundles of different
objects, wherein the at least one quotient appearance
manifold mapping associates points of an appearance
manifold to a quotient manifold;

(b) reducing, by the processor, dimensionality of the quo-
tient appearance manifold mapping to generate at least
one feature characteristic of the sample image; and

(c) training, by the processor, based on said feature, at least
one classifier adapted for associating the object with an
object class.

2. The method of claim 1 further comprising:

acquiring, by an imaging device, the sample image by one
of a magnetic resonance (MR) imaging, computed
tomographic (CT), helical CT, x-ray, positron emission
tomographic, fluoroscopic, ultrasound and Single Pho-
ton Emission Computed Tomography (SPECT) tech-
nique.

3. The method of claim 1 wherein the sample image com-

prises a medical image of an anatomical part.

4. The method of claim 1 wherein the sample image com-
prises a grayscale three-dimensional (3D) image.

5. The method of claim 1 wherein the classifier comprises
a shape classifier.

6. The method of claim 1 wherein the classifier comprises
a boundary classifier.

7. The method of claim 1 wherein the object corresponds to
a lesion.

8. The method of claim 7 wherein the classifier is adapted
to indicate a likelihood of malignancy of the lesion.

9. The method of claim 1 wherein the step (a) comprises:

(d) associating a neighborhood with a pixel of the sample
image; and

(e) constructing a quotient manifold of the neighborhood.

10. The method of claim 9 wherein the step (d) comprises
sub-dividing the sample image into a plurality of sub-images.

11. The method of claim 10 wherein the step (e) comprises
applying an equivalence relation to a sub-image.

12. The method of claim 11 wherein the equivalence rela-
tion comprises an affine transformation.

13. The method of claim 11 wherein the step (e) comprises
transforming the sub-image to another sub-image with a
canonical position, size and posture that account for a trans-
formation.

14. The method of claim 9 further comprising:

() mapping the sample image to a set of quotient mani-

folds, wherein said set of quotient manifolds approxi-
mates the quotient appearance manifold mapping.
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15. The method of claim 1 wherein the step (b) comprises:

(g) computing, using principal component analysis (PCA),
a set of principal components based on the quotient
appearance manifold mapping; and

(h) projecting the sample image onto the principal compo-
nents to generate the feature.

16. The method of claim 1 wherein the step (c) comprises
performing adaptive boosting (AdaBoost) to train the classi-
fier.

17. The method of claim 1 wherein the step (¢) comprises
performing Quadratic Discriminant Analysis (QDA) to train
the classifier.

18. A non-transitory computer usable medium encoded
with computer readable program code, said computer read-
able program code adapted to be executed to implement a
method for classifying an object, comprising:

(a) constructing at least one quotient appearance manifold
mapping based on a sample image to untangle appear-
ance fiber bundles of different objects, wherein the at
least one quotient appearance manifold mapping asso-
ciates points of an appearance manifold to a quotient
manifold;
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(b) reducing dimensionality of the quotient appearance
manifold mapping to generate at least one feature char-
acteristic of the sample image; and

(c) training, based on said feature, at least one classifier
adapted for associating the object with an object class.

19. An image analysis system, comprising:

a memory device for storing computer readable program
code; and

aprocessor in communication with the memory device, the
processor operative with the computer readable program
code to

(a) construct at least one quotient appearance manifold
mapping based on a sample image to untangle appear-
ance fiber bundles of different objects, wherein the at
least one quotient appearance manifold mapping asso-
ciates points of an appearance manifold to a quotient
manifold;

(b) reduce dimensionality of the quotient appearance mani-
fold mapping to generate at least one feature character-
istic of the sample image; and

(c) train, based on said feature, at least one classifier
adapted for associating the object with an object class.
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